This paper is a novel study on crack detection of industrial explosives. The proposed algorithm consists of the following steps:
Introduction
With the rapid development of the Chinese economy and the technical innovation in the industry of industrial explosive materials, the production scale of industrial explosives has been continuously expanding. Under such circumstance, the vigorous improvement in the continuity and automation level of the production line has become an inevitable trend. However, due to various factors, such as malfunctioning of automatic industrial explosives packing equipment, quality of the raw materials, and interference to the production environment, numerous defects acquired during the packaging process might be detected on explosive cartridges, which can affect the efficiency and quality of explosives production [1] [2] [3] . Therefore, real-time and efficient defect detection and classification of industrial explosives have become key factors for the improvement of production quality and personnel security.
Crack defect is one of the most common detectable cartridge defects. This is a defect on the surface of the cartridge, which looks normal in shape but has breaks on the surface. It mainly refers to the difference in the crack information between the cartridge and the standard cartridge. It indicates the brightness inconformity between the pixel subset and pixel block within the standard cartridge. It can also be attributed to the uncertainty in the distribution of crack defects and randomly distributed crack scale, depth, and position, thus making the forecasting difficult. Furthermore, the interference from surface text and trademark texture feature also increases the difficulty of defect detection. In the practical production process, numerous cartridges have been found with such defect mainly due to the poor heat-sealing on the side edge. The correlations between the manifestation of the crack defect and illumination intensity are illustrated in Figure 1 .
As the defects are usually found on cartridge packages during production and packaging of industrial explosive cartridges, this paper aims to provide a solution to the key problem through the introduction of a proper algorithm that can effectively extract the packaging characteristics of the cartridges and locate the defective cartridges, which must be separated from the normal ones. According to the specific conditions of the industrial explosive production line, this paper proposes a visual attention based search strategy to prevent the acquired cartridge image from being affected by the natural light and to reduce the noise interference caused by the following stages. However, due to the random distribution of the salient characteristics and interference from the surface text, there may be the existence of multiple defect targets, which are shown in Figure 1 . Therefore this paper adopts an improved visual attention based search algorithm to extract the crack characteristics of the cartridge. The paper is organized as follows: Section 2 discusses and reviews the related defect detection algorithms. In Section 3, an improved visual attention based algorithm was proposed. This method can be applied to the multitarget crack detection. Simulation experiments are described in Section 4. An analysis algorithm, called image partitioning variance-weighted eigenvalue (IPV-WEV) based algorithm, was proposed in Section 5; and Section 6 presents the conclusion of the paper.
The Relevant Visual Attention Algorithms
The research on the machine vision system started very early in foreign countries. Malamas et al. introduced the application of the industrial visual detection system, system composition, main approaches for industrial visual application, and main hardware and software of the system [4] . They also made a general review on the four types of detection applications, namely, dimensional quality, surface integrity, structure quality, and operation quality, according to the detection objects and the procedural features. Moganti et al.
made an overview of the application of industrial detection technologies to the manufacture of printed circuit boards [5] . Recently, researches on the application of machine vision technology for the inspection of product quality are becoming increasingly popular. Moreover, due to the higher requirements on product packaging inspection and surface defect detection, positioning, and recognition, this technology has been widely applied to the production of drugs, videos, mechanical parts, electronics, textile products, and so on [6] . Their research mainly focused on feature selection and extraction and classification of feature patterns.
Li et al. proposed a rather robust algorithm that is free from the interference produced by dirt on the surface of the eggshell to extract the cracked eggshell and detect the presence of tiny cracks. Furthermore, it can be used to train the neural network according to the image pixel density histogram [7] . Razmjooy et al. proposed an appearance detection solution with scale measurement [8] . They focused on the application of mathematical methods to the automation, especially equation solving through the design, implementation, and classification of algorithms to make a simple classification of the images based on scales through the binarization processing. Jia et al. modified the image recognition method after analyzing the radiation characteristics of the heating components [9] . They filtered out the infrared radiation interference to the image information obtained with a charge-coupled device camera through a low-pass filter. In addition, Shen et al. designed a new illuminated image recognition system [10] . There are three bearings in an image, and the bearings on the left and right were used to detect the distortion defect, whereas the bearing in the middle was used to detect other defects near the deformation point. Tellaeche et al. proposed two approaches, namely, image segmentation and decision making [11] . First, they segmented the image into multiple regions with the same scale. Then, they used the support vector machine (SVM) classifier to analyze the features after the extraction of the features and attributes of every region. The results of the analysis determined the presence or absence of weeds in a certain area. In dimensional measurement and shape detection, the object scale was measured based on an image to estimate if the scale is within the permitted tolerance. They are used to detect if the shape or scale of the object conforms to the requirement. With regard to the applications of dimensional measurement and shape detection, Jiménez et al. proposed the identification of fruit on the trees based on the shape recognition algorithm [12] . He used the laser ranging method to locate the positions of the fruits for automatic harvesting. According to the model-based computer vision method, Magee and Seida designed and implemented a detection system that can be used to estimate the shape of the object in a complex industrial environment [13] .
Operation quality detection was implemented to verify if an accurate operation has been performed on the tested products as per manufacturing processes or standards. To make a classification that is suitable for riding modes, Gao and Duan started by describing the main characteristics of different images according to distance and then applied SVM [14] . 
An Improved Visual Attention Based Algorithm
There are two processes that influence visual saliency: topdown and bottom-up processes. Visual attention based algorithm reveals the mechanisms of biological visual intelligence [15] [16] [17] [18] [19] . It has wide applications in various locations as reported by some computer vision researchers [20] [21] [22] [23] [24] [25] [26] . Li et al. analyzed the visual saliency in frequency domain and employed hypercomplex Fourier transform algorithm [27] . In recent years, some new computational models based on visual saliency were proposed in the welding industry, agriculture, food inspection, and so on [28] [29] [30] [31] [32] ; however, it is fruitless by graph-based visual saliency (GBVS) [33] when the object is a gray-level image, as in Figure 2 . Feature extraction refers to the extraction of cartridge crack defect characteristics. In this section, an improved visual attention based algorithm is adopted to extract the defect characteristics of the diagnostic cartridge. This algorithm can simulate the neural structure and behaviors of the visual system of primates in their early lives. It demonstrates powerful capacity in the real-time processing of complex scenes. With the integration of multiscale image features into a topological saliency map, it can quickly select the prominent positions through an efficient computing method. Then, it can identify the crack defect on cartridge after further detailed analysis. Currently, all of the common visual attention based algorithms are mainly used to detect the defects or scratches among textural properties of products with neat textures, such as ceramic tile, cotton, or cloth. In this case, the global feature extraction algorithm was chosen as the processing algorithm to process the image before the application of visual attention based algorithm. Furthermore, this algorithm makes the calculation mainly based on the following two characteristic parameters in statistics, namely, mean value and standard deviation, according to the different window scales. The application of visual attention based algorithm, along with the specific procedures, is shown in Figure 3 .
We established a feature-based model according to the following three performance indices, namely, edge, intensity, and orientation. Regarding the brightness feature, the pyramid operators were instructed to generate a nine-scale diagram, which ranged from 1 : 1 (0 scale) to 1 : 256 (8 scales) in the range of 8 octaves. Then, it was implemented through the calculation of the difference between the fine and coarse scales. Meanwhile, we used the Gabor and Roberts operators [33] separately to generate a direction feature pyramid and an edge feature pyramid for the image. The image pyramid is a simple but efficient tool used to interpret image through a multiresolution method. It was applied for image compression and machine vision in the early stages. The highdefinition images were located at the bottom of the pyramid. Moreover, the pyramid level positively correlates with image resolution.
We employed Gaussian pyramid, Gabor operator, and Roberts operator to extract the intensity, orientation, and edge features, respectively. The feature template was calculated based on the center-surround operator. Center extraction can be implemented through the calculation of the difference between the fine and coarse scales. For the centersurround operator, normalization can play a role in weakening the similarity between the images and increasing the difference according to the following principle: firstly, the values of the computed image were normalized by the range of [0, ], and the maximum value and the mean of other local maximums were calculated in an image. Then, the whole image was multiplied with ( − )
2 . Through the above operation, the feature image of intensity, edge, and orientation was obtained.
Through multiscale combination, the acquired feature templates were processed based on multiscale composition operators. Then, normalization was employed after the image interpolation from coarse to fine scale and a subtraction calculation on a point-to-point basis. We adopted the discrimination fusion operator to integrate the previously mentioned three conspicuous maps of edge ( ), intensity ( ), and orientation ( ) into a saliency map SM as follows:
where Comb(•) represents the discrimination fusion operator and (•) denotes normalization operator.
Although it is a simple image fusion method with the adoption of linear weighted fusion operator in an Itti model, it can lead to the omission of lots of information during the fusion. Therefore, this paper proposes a defect discrimination-based fusion operator and defines the defect discrimination as the degree of differentiation between the defect region and the other regions in an image. An increase in the value of reflects the higher gray value of the defect region with a larger area, whereas the lower gray value denotes the nondefect region with a smaller area. Thus, an increase in the value of also indicates the higher weight and the greater contribution to the image fusion process. In this case, the defect discrimination-based fusion operator can be defined as
In different conspicuous maps, is different as well, which refers to different coefficient weights. Therefore, in the fusion The image was segmented into Ω ( is a natural number) region sets according to the gray value. Furthermore, it was assumed that the randomly created region Ω ( = 1, 2, 3, . . . , ) was smoothly closed.
= ( , ) is a function of the coordinates and of a pixel. Based on the characteristics of a defect region with large intensity area and regional edge, 1 (the intensity discrimination), 2 (the orientation discrimination), and 3 (the edge discrimination) can be defined separately:
where denotes the th closed edge of Ω and denotes integral infinitesimal. 
Experiment

Image Preprocessing.
Firstly, image preprocessing was performed on the original image, and the processing steps for background estimation, image differences, and brightness adjustment were performed as well. An opening algorithm was chosen for background estimation. The simulation results depend on the type of structural element (SE) [34] . The input image is shown in Figure 4 , and the image preprocessing is presented in Figures 5-7. 
Feature Measurement.
Through the above-mentioned processes, most of the background interference information contained in the cartridge information was removed. However, the residuary and unprocessed information still include some interference that was comparable to the defect feature. In this part, we made the complex image as the input source image, which included two defect clusters. As shown in Figure 7 (a), the image preprocessing adopted the above algorithms; hence, it is still necessary to determine the specific defect features to filter out the interference factors.
Mathematical Problems in Engineering
To strengthen the character contrast, we built a featurebased model after the image preprocessing and created a pyramid for the three types of features, namely, brightness, direction, and edge, which were ranked in three levels, from Level 0 to Level 3, as the other hierarchies were too small to be graphically displayed. As shown in Figure 8(a) , the image resolution dropped with the rise in the pyramid level.
The center-surround difference algorithm was adopted before the application of the multiscale fusion method. Then, we chose the fusion levels 1-4 to separately obtain the conspicuous maps for brightness, direction, and edge features, which are shown in Figure 8(b) . The three conspicuous maps were integrated into a saliency map based on the discrimination fusion operator (3). 1 , 2 , and 3 were 0.5002, 0.2254, and 0.2744, respectively. (1) Image Segmentation. The × saliency map SM was segmented into × subimages:
where represents the saliency map SM, and every subimage represents an element of map in a macro point of view. Meanwhile, also represents × V matrix with ∑ =1 = and ∑ =1 V = .
(2) The Extraction of Defect Subimages. Due to the characteristic difference among the pixels at the defect and nondefect positions in the saliency map , the variance, which was used to describe the degree of variation between the image pixel value and the mean value, can better reflect the salient features of the defect. It is clear that the variance of the image with defect is greater than that of the image without defect. Hence, the defect position can be determined through the calculation of the subimage variance and the comparison of the mean square error of the whole image according to the specific algorithm provided as follows.
(a) The calculation of the mean value and the variance of the whole saliency map is
where ( , ) and 2 ( , ) separately represent the mean value and the variance of the saliency map .
(b) The calculation of the mean value and the variance of the segmented subimage is ( , ) = 1 (2 + 1)
(c) As far as the whole image is concerned, most of the gray values of the pixels are comparable, which, however, is large only in the region with defect. Therefore, the fluctuation of a point, which is the gray value of a single pixel, was lower than that of the whole image. In other words, the variance was small for the segmented subimage, and the fluctuation was not evident if the defect information was not included. The variance of the subimage will be less than that of the whole image. However, if the subimage included some defect features, the gray value fluctuation would be significantly larger. In this case, the variance of the subimage will be greater than that of the whole image. Hence, the discrimination function can be defined as follows:
Mathematical Problems in Engineering 
(b) can be calculated as the weighted covariance matrix of the subimage:
where , , are defined as (10)- (12), respectively: (c) According to the formula − = 0, 1 , 2 can be calculated as follows:
Experiment.
The experimental simulation consisted of the following two major parts: in the first part, the optimal parameters were mainly determined based on the effect of the parameters on the detection results of the IPV-WEV algorithm; and in the second part, a contrast among the IPV-WEV, region-growing, and the WTA neural network algorithms was presented. The saliency map is the input image in which the intensity, orientation, and edge were combined. We segmented the input image into different block scales, and the image blocks can be seen in Figures 9-10 .
The crack position was obtained through the calculation of the subimage variance and the comparison of the mean square error of the whole image. The experimental simulation revealed that the variance of the saliency map SM was 2 ( , ) = 14.86. In 2 × 2 and 4 × 4 block scales, the variances of every segmented subblock are presented in Table 1 . subimage and to calculate the weighted eigenvalue of the extracted defect subimage for the construction of a weighted covariance. The weighted eigenvalues of each subimage were calculated as well to finally determine if the subimage has a defect through the comparison of 1 and 2 . The defect detection results are illustrated in Figure 11 . Table 3 shows the detection time and detection rate for different block scales.
Crack Defect Subimage Analysis
The comparison of the above simulation results with the data results revealed that (1) the defect position can be determined by calculating the eigenvalue of every subimage after the calculation of the variance of every subimage and by comparing the mean square error of the whole image; (2) block scale has an effect on defect position, and, for 2 × 2 and 4 × 4 image blocks, the detection time will be reduced due to the small number of blocks. Therefore, although it is possible to detect defect features, the defect position in the subimage can only be determined in some extent. Instead, only an approximate defect position can be detected. For the 8×8 image block, the defect position can be precisely detected (Table 2) .
(3) When the defects were contained in different subimage blocks, the determination of the defect positions based on the connectivity of the cracks was possible, as the pixels in the crack defect area also constitute the locally connective region. If the detected defects of multiple subimages can be connected through combination, then all these subblocks can be determined on the defect positions. However, if there was a subimage separately located and without any connection to the other subblocks, it can be presumed that this subimage was not on the defect position.
Algorithm Comparison.
In this experiment, 150 cartridge samples (positive samples number: 75; negative samples number: 75) were adopted to separately calculate the detection rate and defect detection time through the proposed IPV-WEV algorithm, WTA model [34] , SLIC model [30] , and region-growing algorithm [32] . The cartridge defect detection accuracy was denoted by the ratio between the wrongly detected samples and the correctly detected samples. The comparison of the detection precisions of the proposed algorithm, WTA model, and region-growing algorithm is presented in Table 4 and Figure 12 .
The WTA algorithm was used to detect the cracks on the whole defect image through the charge-discharge method. The first region that has been quickly recharged was the defect position. However, as only one defect can be detected each time, detection of multitarget defects must be performed several times. On the other hand, the region-growing algorithm functions by determining a "seed" for region-growing and by combining all the regions that meet the growing conditions to detect the defect position. However, with this method, only one defect can be detected each time as well. For detection of multiple defects, the region-growing algorithm must be grown several times. Actually, due to the characteristic difference between the pixels at the defect and nondefect positions in the saliency image, the variance can better reflect the salient features of the defect. Moreover, as variance was used to describe the degree of variation between the pixel and mean values, an increase in the image variance also indicated a more dispersed distribution of the gray scale. In this case, the variance of the image with defect was evidently greater than that of the image without defect. Therefore, with the proposed IPV-WEV algorithm, only the variance of every image block needs to be calculated. Consequently, based on the comparison between the variance of the image block and the mean square error of the whole image, multiple defects can be simultaneously detected without individually searching for the pixels or "recharging" after the variance was taken as the discrimination function. For this reason, our proposed IPV-WEV algorithm outperformed the other two algorithms in terms of detection time.
Conclusion
The main objective of this paper is to propose a crack detection algorithm for industrial explosives. The proposed algorithm consisted of the following context: (1) image preprocessing was done according to the defect features of the industrial explosive cartridge, and an improved visual attention based algorithm was proposed. This algorithm features parametric analysis that can be implemented on the image according to the conspicuous maps with the introduction of the concept of defect discrimination ; (2) as compared with other algorithms, our proposed method can realize the realtime multitarget detection function; (3) the proposed IPV-WEN algorithm was able to analyze the cartridge defects based on performance indices. The comparison and experiment among algorithms revealed that the proposed method can achieve a detection accuracy of 97.9%, with the detection time of 34.51 ms, which has satisfied the requirement in the industrial explosives production.
